Abstract
Introduction

24
The correct integration of geological and geophysical information within a decisional framework for 25 the purpose of oil and gas exploration is a challenge that will increase in importance with increasing cost 2.2. The Bezurk case study 88 We have decided to use as training model a synthetic basin developed in the Petroleum Geology class in the same transgressive system as the reservoir and it is expected to generate HC due to its depth of ranges from 7% to about 20%, which overall is lower than the porosity in the Mmd reservoir. Both 118 reservoirs have the same kind of sandstone, but due to compaction the lower reservoir (Ou) has a 119 smaller porosity than the upper reservoir (Mmd).
120
Generated HC are expected to migrate to the overlaying reservoir. The critical factor is the geological 121 timing, both for the Ou-play and for the Mmd-play. In both plays the seal is deposited on top of the 122 reservoir rock. The sealing efficiency may be inadequate to keep the HC inside the trap in scenarios with 123 early generation and migration. This can cause large amounts of HC to be lost.
124
The basin is exposed to normal faulting at a young age (11 Ma). Two faults are observed in the profiles 125 (western part). The faults are considered to be closed faults. HC accumulated in these traps constitute the 126 fault-prospect. The critical factors of the prospects are the uplift and erosion related to the faulting. 
Expected Results
128
• HC generation: Both source rocks are buried deep enough to generate HC. Eek is deposited in a 
Building the Model in PetroMod
The maps are imported into PetroMod as additional maps, in the top to bottom order (Qal to Basement) and the layers are created based on the imported maps.
Figure 5. Cross section -GPY 80
The gap in the fault zone are explained in 3.3.7 Faults. 
Building the Model in PetroMod
The maps are imported into PetroMod as additional maps, in the top to bottom order (Qal to Basement) and the layers are created based on the imported maps. The gap in the fault zone are explained in 3.3.7 Faults. Figure 2: Cross sections. In the first one we can easily recognize the four way anticlinal trap located in the eastern part of the basin; in the second we can identify the Mlq shoestring reservoir that pinches through the Mua seal layer.
The trap mechanism is a normal fault, which has remained closed from 11Ma to today. However, the 143 effect of the uplift and the subsequent erosion in the western part of the basin needs to be modeled: will 144 the timing of the fault and its sealing capacity be adequate to hold accumulations in place throughout 145 the basin development? Other crucial questions that need to be evaluated relate to the change in the 146 geometry of the basin with time and how it affects the flow paths, and the size of the drainage area of 147 the anticline that influences the accumulation of the Fault prospect.
148
• The HC that migrate into the fault prospect are mainly lost during the time step of 1.77Ma -1.55Ma 166 ( Figure 5 ), which is the critical time when the Muh seal is eroded. This particular uplift creates erosion,
167
and losses can consequently be explained by the change in the geometry of the basin. The reservoir layer 168 creates a small anticlinal trap structure against the fault where the HC accumulate. After the uplift the 169 trap structure flattens out and the HC migrate out of the trap. 
Basin modeling scenarios
171
During the analysis of the basin we have been able to identify four critical elements that constitute 172 possible sources of uncertainty in our model. In real life all basin parameters are more or less unsure.
173
To accomodate this uncertainty in our synthetic basin several scenarios for Total Organic Carbon (TOC) 174 content, HF and porosity levels are considered. The TOC is a measure of the concentration of organic 175 material in source rocks (Allen and Allen, 2005) . We have also noticed that there is a zone in the western The results from the simulation show two accumulations in the Anticline prospect ( Figure 35 ). The information in Table 13 is extracted from PetroMod and shows that The Anticlinal prospect constitutes almost 100% of the total resources in the basin. As expected the lower accumulation contains more gas. 
Simulation of the Bezurk Basin
None or very few hydrocarbons are trapped in the fault-prospect. The hydrocarbons that migrate into the prospect are mainly lost during the time step of 1.77Ma -1.55Ma (Figure 36 ), which is when the Muh seal erodes (critical moment). This particular erosion creates uplift; as such the losses can be explained by the change in the geometry of the basin. Figure 37a illustrates a close-up view of the accumulation at 1.77Ma. The Mmd reservoir is shown as a transparent layer and the oil (green) and gas (red) are also displayed. The reservoir layer creates a small anticlinal trap structure against the fault where the hydrocarbons accumulate. After the uplift the trap structure flattens out (Figure 37b) and the hydrocarbons migrate out of the trap. part of the basin characterized by a prominent faulting activity; for this reason we can hypothetize a possible 177 structural uncertainty, by adding or removing one of these fault elements from our model.
178
We next run multiple-scenarios of BPSM changing the key factors in a controlled design of experiment 179 (DOE). Figure 6 : Porosity profiles; on the left the high case, with initial porosity around 40 %; on the right the low case, with initial porosity around 30 % and a rapid decrease.
Simulation outcomes
193
In each of the 24 different BPSM runs, we measure the size and type of HC accumulations. We further 194 measure which source rock has generated them and we observe the migration path. We gain insight into the
195
HC production, the expulsion from the source rock and the accumulation in the reservoirs. As a result, the 196 amounts of HC that have leaked is available, and we can try to explain this leakage phenomenon through 197 the observation of the complete evolution of the basin.
198
In this section we discuss the main effects of the different scenarios. A more complete analysis is provided 199 by analysis-of-variance printouts and diagrams in the supplementary material.
200
In the supplementary material is reported a Table that The generation phase is divided in oil and gas generation and further subdivided in the two source rocks the oil generation has reached the maximum potential already when HF is on the medium level, and this is 210 consistent with our hypothesis. It turns out that when HF is high, most of the oil generated by the deeper 211 source rock leaks out before being trapped. Therefore, the overall effect is a smaller oil accumulation in the
212
Ou reservoir when HF is high. HF and TOC are also the main parameters responsible for controlling the 213 quantity of expelled HC, i.e. the amount of HC that leave the source rock after the generation.
214
Regarding the size of accumulations, we can see that the main factor is the porosity, followed by the HF effect when measuring the outflow from the side. In contrast, the outflow from the top and the total outflow 225 is governed by the HF and TOC, since the scenarios with early maturation leak most of the HC before the 226 seal is adequately sealing.
227
We have run a similar analysis on the second major kinds of data that we get from a BPSM analysis, i.e. the oil and gas accumulations. In the supplementary materials we attach a The experimental design setup gives better insight of the key factors responsible for the main geological 241 processes in the basin. We will next use the multiple-scenario information to build a dependency structure 242 for the segments. This takes the form of a BN that will be useful for decision making.
243
A BN is characterized by a set of nodes and edges. The nodes are random variables, that may be discrete or continuous. As an example, we will define nodes for trap presence (on/off), which is a binary random variable. Edges define the conditional probability structure of the variables, connecting parents to children. For instance, we will define a parent node for 'Trap Anticline' that can be on/off. This node has two children: 'TrapTopEast' and 'TrapBottomEast', which are also on/off, and they have conditional probability distributions depending on the outcome of the parent node. Let V be the set of all nodes, x v the variable at node v ∈ V , and x the vector of all node variables, the joint probability model can then be defined by
Here proxy for the knowledge of geological elements, that could potentially be observed at segment level.
261
We next consider the three main geological elements (trap, reservoir and source) separately. The BN 262 model we have established is shown in Figure 9 . • Reservoir: The reservoir network is another small network, with 7 nodes: one common parent,
270
that represents the total accumulation, two mid-level parents that represent respectively Mmd and
271
Ou reservoirs and four children representing oil and gas accumulations in reservoirs (ResMmdGas, 272 ResMmdOil, ResOuGas and ResOuOil). The nodes can be efficiently learned through a simple BN 273 algorithm, given the data provided by the BPSM simulations.
274
The learning process follows the classical maximum likelihood procedure with complete data using the joint model (Cowell et al., 2007) . Because of conditional independence, and the database output from the DOE, we can maximize each term separately. This means that we can restrict our attention to the term we are interested in, locally, and then we can find the maximum likelihood estimateθ v locally, based on our database:θ
i.e. the CPTs are estimated by the ratio of the corresponding counts in the database. For the top 
280
In our example all reservoir nodes are binary (two states, high and low ), and we impose a threshold for 281 the accumulations being larger than a certain value. These values are the separating planes indicated 282 by the k-mean algorithm. (Figure 8 ).
283
With this procedure we can derive explicitly the correlation between the different nodes that we have 284 created. Note that we have not imposed these correlation, but derived them from the data. • Source: The source network is more complicated, since we have to take into account two phenomena
296
that interact with a difficult correlation structure, namely one for the gas generation and one for the 297 oil generation. As we have previously discussed, for the shallower top rock an increase in HF has the 298 duplex effect of a higher oil and gas generation. On the other hand, for the deeper source rock, it affects 299 just the gas generation. TOC affects both generation in similar ways. We learn the statistical effect 300 of this behavior from the DOE outputs concerning the generation phase. We include a correlation 301 structure with 3 levels: a top node for the total generation, intermediate nodes for the Mmd and Eek 302 generation and bottom nodes for the gas and oil generation in each of the source rocks.
303
In this case we have assigned three levels to all the nodes, respectively high generation, medium and 304 low. Most of the CPTs are learned directly from the data, using GenTot, GenMlf, GenEek, GenMlfOil,
305
GenMlfGas, GenEekGas and GenEekOil along with the thresholds discretizing the data. All the nodes 306 are discrete, with three possible stases, i.e. k = 3 in Figure 7 .
307
Finally, we gather the information that we get from source, reservoir and trap in a single node, using 308 our geological understanding of the process. We know that the source rock is essential for the presence of 309 HC in the prospect, while a poor reservoir quality or a poor trap makes it less likely to have a commercial 310 discovery in the prospect. We will next discuss other considerations for joining the last part of the network. 
Gaussian nodes
312
So far in the BN building, we have not used the accumulation volumes extracted from the multiplescenario BPSM (for learning the reservoir network we have used joint layer accumulation values and not prospect/segment values). We will now incorporate this information in the bottom nodes of the network.
It seems reasonable to have discrete nodes in the top parts of the network, since attributes such as source, reservoir and trap are on/off or multi-level features. In the bottom part of the network it may be more realistic to have continuous nodes that mimic the actual behavior of the simulated scenarios. We therefore split each of the bottom nodes TE, BE, TW and BW in two nodes, one for gas volume and the other for oil volume, and state that they represent accumulation distributions whose mean and (possibly) variance depend on the states of their parents. The simultaneous use of discrete and continuous variables in BN has been explored in Chang and Fung (1995) and Friedman and Goldszmidt (1996) . A good inference algorithm is presented in Murphy (1999) . The related CPTs have to be assessed, for example the conditional probability density of BEg (BE gas) is: for Table 4 has some immediate and evident effects that the reader must be aware of: we are implicitly 323 assuming, for example, that if we find a volume equal to 0 in a segment and we know that a trap is in place,
324
we have to blame the source for this (rows 3 and 4 in the table), but the same situation can also occur when 325 both trap and reservoir fail (rows 5 and 9), no matter which is the outcome of the source, as it is natural 326 to assume. When just one of these two elements fail, on the other side, we still allow a marginal possibility 327 of finding HC, and this is resumed in the parameters γ R and γ S . We have fixed γ R and γ S to be equal to The second important point to discuss is how to assign the variances to the Gaussian distributions. We 331 acknowledge that this is a crucial point, with large and important implications when analyzing the effect 332 of nodes' behaviour, as shown in the previous paragraph. We have decided to assign the variances in order 333 to have a constant coefficient of variation σ µ in all the possible scenarios described in Table 4 ; a constant 334 coefficient of variation will be our a standard hypothesis for the variability of HC volumes. The variances 335 built in this way happen to be in quite good accordance with the variances from a parallel GeoX analysis 336 with a much larger number of samples. We need to stress, though, that we do not have a definitive answer 337 or suggestion to this point, since we will never be able to consider and describe all the possible scenarios 338 that could possibly happen in the basin that we are considering.
339
The complete BN is shown in Figure 9 . Since the accumulations cannot be negative, we will concentrate 340 in 0 the probability mass corresponding to negative values. The resulting distributions will therefore be a 341 mixture of truncated gaussians distributions.
342
The effects of this parametrization on the HC distributions can be seen in Figure 10 Table 4 : Conditional Probability Table for the oil and gas accumulations in the four prospects; the column µ represents the multiplicative factor assigned to the mean of the gaussian conditional distribution. 
For economical purposes it is interesting to analyze the inverse cumulative distributions of recoverable
358
HC. In order to compute such distributions we need to take into account the recovery factor, that is estimated 359 to be 0.45 for oil accumulations and 0.75 for gas accumulations. In Figure 12 we show the inverse cumulative 360 distributions for segments TE and BE of the anticlinal prospect. The black line represents the contribution 361 of the oil part, while the red line represents the added value brought by the gas accumulation. As we can see 362 the gas accumulation is more important for prospect BE since this has a source rock maturity level sufficient 363 to produce commercial quantities of gas. 
Applications for decision making
372
In this section we demonstrate a couple of different applications of the network. 
What-if scenarios
374
We are interested in the behavior of the network in case of observing a HC column in another prospect.
375
In order to mimic a real situation, we consider drilling a well on the anticlinal prospects, and observe the 376 impact of various evidence in TE, the top segment, on BE, the bottom segment ( Figure 14) . We then 377 compare with a similar observations made on the fault prospect BW (Figure 15 ).
378
In the first figure we see that even a rich observation in BE is not sufficient to solve the bi-modality 379 of the marginal distribution, since the possible uncertainty about the quality of the reservoir remains (TE 380 and BE belong to 2 different reservoirs). In the second figure we see that both an extremely poor and 381 a rich observation in the fault prospect BW can substantially change the shape of the posterior oil BE 382 distribution. As we have already pointed out, a positive HC column observation in a high risk prospect such 383 as BW confirms both the quality of the reservoir and the existence of a charge, having a higher impact on
384
BE than an observation in TE. 
Value of Information
386
Geologists and decision makers need to establish the probability of having recoverable HC larger than 387 an economic threshold. We can use a similar criterion for assessing the VoI, saying that a value of expected when we compute the VoI we have always to specify the cost of collecting that information. In this case 390 since our reference unit are the volumes expressed in MMBOE, we will convert the costs in such units.
391
Given these premises, the prior value for segment i, threshold t and cost C would be:
The value of having free clairvoyance in segment i would then be:
and finally:
In these expressions the quantity v x is intended to be proportional to the recoverable resources x. It is worth 392 noticing that when i = j the integral collapses in a single point, and we observe what is called self-evidence, i.e. the effect of observing a prospect itself.
394
Since the distribution are numerically approximated, the integrals are computed through a discretization 395 and this makes the process computationally intensive.
396
When computing the VoPI, we state that a certain prospect will be drilled if its expected recoverable 397 resources exceeds a certain threshold. We have considered two possible scenarios for t, t = 0 and t = 80.
398
The value t may also represent risk averse behavior for the decision maker: the higher is t, the more 399 conservative is the decision maker. For each possible scenario we have computed the VoPI for the four 400 prospects for different costs C, C representing the operational cost connected to developing the prospect.
401
We have decided not to introduce monetary units, but to refer everything in MMBOE, that is the reference 402 unit for the prospects' volumes; for this reason C is expressed in the same terms. We have repeated the 403 procedure with and without the self evidence. of costs that affects decisions in the biggest prospects, namely BE and TE. This means that for operation 406 costs in the regions close to the spikes, having the possibility of observing the state of one of the prospects 407 would sensibly change our decision about other prospects. We can immediately recognize that the first spike 408 corresponds to a decision change in prospect BE, and the second spike to a change in prospect TE. This confirmed by this VOI analysis, which compresses the information into outputs useful for decision making.
414
Similar discussions and considerations can be found in Martinelli et al. (2011) .
415
The values of VOPI that we get from such analysis must be compared with the exploration cost necessary 416 to get that information, again expressed in MMBOE. As we can see, VOPI values are much smaller than 417 the operation costs C, and this is consistent since they need to be compared to the exploration costs and 418 not to the operation costs. If the exploration cost is, say, equal to 10 MMBOE, the threshold is fixed to 419 t = 0, and the development costs C are equal to 50, it is optimal (more informative) to focus on segment 420 BE; in this case TE is not very informative since its high volume makes it profitable anyway. If the costs C 421 are equal to 150, on the other side, it is more informative to explore TE; in this situation even TW could 422 be a good candidate (its VOPI lies above 10 MMBOE for C = 150), while TE becomes irrelevant since its 423 volume does not cover the operation costs and it is less informative than TW for estimating the outcome of 424 BE. The last comment is about the threshold t: we can see that higher values of t lead to a shift towards 425 smaller costs C for the VOPI peaks. This is reasonable since higher values of t reduce the chance of the 426 prospects to be commercially viable, and therefore make them interesting just if the operational costs are 427 smaller. This effect is bigger for prospects with low volumes (first and foremost TW and BW, but also BE),
428
while it is almost impossible to detect when the volume is large (TE), since the imposed threshold makes 429 this prospect very appealing in any situation.
430
Discussion and Conclusions
431
We have shown how BPSM can help in assessing the probability structure of the Bayesian network that 
436
The work underlines the importance of assessing uncertainty in petroleum systems. The emphasis is 437 less on knowing the right answer, that may never be known before drilling, but rather on determining the 438 range of outcomes given the available data and state of understanding of the petroleum system. Problems or sole output. We believe that this process is not sufficient any longer, since there are too many parameters 443 that remain hidden (implicit parameters) when the effect of many parameters is tested at the same time.
444
With our framework we provide an alternative solution by making explicit all the correlation parameters,
445
though not chosen arbitrarily a priori, but derived from a multiple scenario evaluation. given to GM of learning and practicing the software used in this work.
